Missing data is an omnipresent problem in neurological control diseases, such as Parkinson's Disease. Statistical analyses on the level of Parkinson's Disease may be not accurate, if no adequate method for handling missing data is applied. In order to determine a useful way to treat missing data on Parkinson's stage, we propose a multiple imputation method based on the theory of Copulas in the data pre-processing phase of the data mining process. Our goal to use the theory of Copulas is to estimate the multivariate joint probability distribution without constraints of specific types of marginal distributions of random variables that represent the dimensions of our datasets. To evaluate the proposed approach, we have compared our algorithm with seven state-of-the-art imputation methods such as mean, regression, min, max, K-nearest neighbors, Markov Chain Monte Carlo, Expected Maximization methods, on the basis of six dataset cases containing 5%, 15%, 25% , 35%, 45% and 50% missing data percentages, respectively. The accuracy of each imputation method was evaluated using the Root Mean Square Error (RMSE) formula. Our results indicate that the proposed method outperforms significantly the existing algorithms.
INTRODUCTION AND RELATED WORK
Missing data is unavoidable in health research, but their Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org. potential to undermine the validity of research results has often been neglected in the medical literature. This is due to the fact that statistical methods that can resolve problems arising from missing data have, until recently, not been easily available to medical researchers, especially in Parkinson's Disease, where any missing data can potentially cause difficulties in analyses and lead to bias and loss of information in epidemiological and clinical research.
Parkinson's Disease (PD) is the second most common adult-onset neurodegenerative disease after Alzheimer's [1] , and it is evaluated to affect more than one million people in North America alone [2] . Moreover, these statistics are expected to grow because the population is getting older. PD is a degenerative disorder of the central nervous system and one of the most common movement disorders affecting people older than 60 years. The symptoms of PD include primary motor symptoms (e.g., resting tremor, rigidity, slow movement, speech problems, swallowing difficulty, etc.), and non-motor symptoms (e.g., pain, depression, etc.). The management of PD typically involves a complete dataset for the development of reliable and objective tools for assessing PD. However, the major challenge when studying PD is that the data is multi-dimensional, and may have a missing data in important parameters. There are several methods for handling these issues, described in a rich literature. According to [3] [4] , there are three possible strategies to deal with missing data. The first one is based on missing data ignoring techniques that simply omit the cases that contain missing data [5] . The second one represents missing data based modeling techniques, that define a model from available data and inferences based on the distribution of the data [6] . These methods assume a multi-normality of continuous outcome variables. The third one represents missing data imputation techniques [7] [8] . These techniques are a strategy for completing a missing data in the dataset with a plausible value which is the estimation of the true value of the missing observation. These methods keep the full sample size, which can be advantageous for bias, precision, and accuracy. Different missing data imputation techniques are used, amongst which we can mention: mean [9] , regression [10] , K-nearest neighbors [11] , multiple imputation [5] [7] , etc.
In this paper, we will focus our attention on the use of missing data multiple imputation methods in the data preprocessing phase of the data mining process. Multiple imputation is a relatively flexible, general purpose approach to deal with missing data, but it needs to be applied carefully to avoid misleading conclusions.
The main goals of this paper are to handle Parkinson's Disease by analyzing the missing data, preserve essential characteristics of this dataset by preserving the relationships among the variables, and finally estimate missing values with the most accurate method and the smallest error.
The paper is organized as follows: the basic concepts are presented in Section 2, and Section 3 describes the proposed method. The experimental results are given in Section 4, and finally, Section 5 concludes the paper.
BASIC CONCEPTS
This section aims to introduce the basic concepts used in our approach. Our technique is based on probabilistic and sampling models, therefore, one needs to recall some fundamental concepts. These include the notions of a Probability Density Function (PDF), Cumulative Distribution Function (CDF), dependence and rank correlations of multivariate random variables to measure dependencies of the dimensions. In the following table we give the basic notations used throughout this paper. Let f be the Probability Density Function (PDF) of a random variable X. The probability distribution of X consists in calculating the probability P (X1 ≤ x1, X2 ≤ x2, ..., Xm ≤ xm), ∀(X1, ..., Xm) ∈ R m . It is completely specified by the CDF F which is defined as follows [12] :
Modeling with Copulas
The first usage of Copulas is to provide a convenient way to generate correlated multivariate random variable distributions and to present a solution for the difficulties of transformation of the density estimation problem. Sklar's Theorem [13] showed that there exists a unique m-dimensional Copula C in [0, 1] m with standard uniform marginal distributions U1, ..., Um. [13] states that every distribution function F with margins F1, ..., Fm can be written ∀(X1, ..., Xm) ∈ IR m as:
(2) Figure 1 shows an overview of a general approach to use Copulas for the proposed approach, that requires the following steps. 
• Step 1: Empirical Copula
To evaluate the suitability of a selected Copula with estimated parameter and to avoid the introduction of any assumptions on the distribution Fi(Xi), one can utilize an empirical CDF of a marginal Fi(Xi), to transform m samples of X into m samples of U . An empirical Copula is useful for examining the dependence structure of multivariate random vectors. Formally, an empirical Copula is given by the following equation [14] :
where the function I (arg) is the indicator function, which equals 1 if arg is true and 0 otherwise. Here, m is used to keep the empirical CDF less than 1, where m is the number of observations.
• Step 2: Theoretical Copula In the literature, various Copula families have been proposed. As the most frequently used we can cite the following: Gaussian, Student , and the Archimedean Copulas. In this paper, we will focus on the Copula that results from a standard multivariate Gaussian Copula. The difference between the Gaussian Copula and the joint normal CDF is that the Gaussian Copula allows to have different marginal CDF types from the joint distribution [15] . However, in probability theory and statistics, the multivariate normal distribution is a generalization of the one-dimensional normal distribution. The Gaussian Copula is defined as follows [12] :
where Φ(xi) is the CDF standard Gaussian distribution of f i(x i ) , i.e., Xi ∼ N (0, 1), and Σ is the correlation matrix. The resulting Copula C(u1, ..., um) is called Gaussian Copula. The density associated with C(u1, ..., um) is obtained with the following equation:
c(u1, ..., um) = 1
where ui = Φ(xi), and ξ = (Φ −1 (u1), ...., Φ −1 (um)) T .
•
Step 3: Generate a sample based on the theoretical Copula
To illustrate the problem of invertible transformations of m-dimensional continuous random variables X1, ..., Xm according to their CDF , into m independently uniformlydistributed variables U1 = F1(X1), U2 = F2(X2), ..., Um = Fm(Xm) [12] , let f (x1, x2, ..., xm) be the probability density function of X1, ..., Xm, and let c(u1, u2, ..., um) be the joint probability density function of U1, U2, ..., Um.
In general, the estimation of the probability density function f (x1, x2, ..., xm) can provide a nonparametric form (unknown families of distributions).
In this case, we estimate the probability density function c(u1, u2, ..., um) of U1, U2, ..., Um instead of that of X1, ..., Xm to simplify the density estimation problem, and then simulate it to achieve the random samples X1, ..., Xm by using the inverse transformations
Dependence and Rank Correlation
Since the Copula of a multivariate distribution describes its dependence structure, it might be appropriate to use measures of dependence which are Copula-based. The Pearson correlation measures the relationship Σ given by the equation 6.
where cov(Xi, Xj) is the covariance of Xi, i = 1, ..., n and Xj, j = 1, ..., m, and σX i , σX j are the standard deviations of Xi and Xj.
Kendall's rank correlation (also known as Kendall's coefficient of concordance) is a non-parametric test that measures the strength of dependence between two random samples X i p , X i p of n observations with i = 1, ..., n. The notion of concordance can be defined by the following equation:
For the Gaussian Copula, Kendall's τ can be calculated as follows:
PROPOSED IMPUTATION APPROACH
In this section, we propose a new multiple imputation approach based on the theory of Copulas to address the problem of multivariate missing data. A Copula provides a suitable model of dependencies to compare with well-known multivariate data distributions in order to better distinguish the relationship between the data.
The main goals of this paper are to: (a) handle Parkinson's Disease by analyzing the missing data in the multivariate case, (b) preserve the essential characteristics of the data by preserving the relationships among the variables, (c) model multivariate random variables without imposing constraints to specific types of marginal distributions of data, (e) provide a valid statistical inference, (f) provide highest accuracy (g) estimate missing values with the most effective method.
The main steps of the proposed imputation approach can be described by the following algorithm: Here n1 is the number of rows of the dataset X, n2 is the number of rows of the dataset W . For more clarification, we consider an example taken from Parkinson's Disease dataset in the following table. We suppose that the dataset contains a missing data in the biomedical test (Ti) denoted by " ? ". In this example (Table 2) , we want to estimate the missing data T 3 and T 5 for patient 4. The entries of the row in question are: 1.406, 1.823, " ? ", 4.385, " ? ", 4.640.
To impute the missing data " ? ", we generate the appropriate Copula having the same parameters as the empirical sample.
By applying the step 4 of the algorithm 1, we obtain the Table 3 which is a collection of rows of a theoretical sample W (7, 6) Table 3 , we compute the mean, and we impute the results obtained in the PD dataset according to the index of each values. The complete 
EXPERIMENTAL RESULTS
Our experiments were performed on Parkinson's Disease real-world datasets taken from the machine learning repository [16] , which are from the Healthcare database.
Parkinson's Disease.
The dataset was created by Athanasios Tsanas and Max
Little of the University of Oxford, in collaboration with 10 medical centers in the US and Intel Corporation who developed the telemonitoring device to record the speech signals. This dataset was accumulated employing the Intel AHTD which is a telemonitoring system designed to facilitate remote and internet-enabled measurements of a variety of PD-related motor impairment symptoms. The dataset is collected at the 42 patient's home, with early-stage Parkinson's disease recruited to a six-month trial of a telemonitoring device for remote symptom progression monitoring transmitted over the Internet, and processed appropriately in the clinic to predict the Unified Parkinson Disease Rating Scale score (UPDRS). Columns in this dataset represent 16 biomedical UPDRS scores. The information about these attributes includes: clinician's motor UPDRS score (Jitter(%), Jitter(Abs), Jitter:RAP, Jitter:PPQ5, Jitter:DDP); several measures of variation in fundamental frequency (Shimmer, Shimmer(dB), Shimmer:APQ3, Shimmer:APQ5, Shimmer:APQ11, Shimmer:DDA); several measures of variation in amplitude (NHR,HNR); two measures of ratio of noise to tonal components in the voice (RPDE); a nonlinear dynamical complexity measure (DFA); signal fractal scaling exponent (PPE). Each row corresponds to one of 5875 voice recordings from these individuals.
Simulation Study.
To evaluate our proposed approach, we have implemented and performed extensive simulation experiments with seven imputation methods: mean, regression, min, max, K-nearest neighbors, Markov Chain Monte Carlo, Expected Maximization methods, with six dataset cases containing 5%, 15%, 25%, 35%, 45% and 50% missing data percentages, respectively. The accuracy of each imputation method can be evaluated from its value of RMSE.
In this section, we first describe our simulator and then present our experimental results and discussions. The details of general simulation parameters are depicted in Table  4 .
The accuracy is defined as the overall distance between estimated valuesX and the true value X [17] , as shown in 
where n = missing values percentage × the length of data. By implementing different imputation techniques: mean, regression, min, max, K-nearest neighbors, Markov Chain Monte Carlo, Expected Maximization methods and the proposed approach, Table 5 shows the numerical results obtained for the missing values Max, and Min imputation for all datasets containing 5%, 15%, 25%, 35%, 45% and 50% missing data percentages, respectively.
CONCLUSION
In this paper, we have proposed a multiple imputation method based on sampling techniques to handle missing data from Parkinson's Disease. We have evaluated the proposed approach by comparing our algorithm with seven imputation methods such as, mean, regression, min, max, Knearest neighbors, Markov Chain Monte Carlo, Expected Maximization methods, on the basis of six dataset cases containing 5%, 15%, 25%, 35%, 45% and 50% missing data percentages, respectively. The accuracy of each imputation method was evaluated using RMSE. The results obtained by the proposed approach are much better than EM, regression, MCMC, K-nearest neighbors, Mean, Max, and Min imputation for all dataset cases containing missing data percentages. In future work, we will compare the efficiency of the proposed method with respect to the use of classification methods.
